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Abstracts
Biofuel from microalgae is a very promising renewable energy resource. Growth of
microalgae depends on ambient temperature, appropriate nutrients in water, and light condition
for photosynthesis. As microalgae grow, the depth of light penetration decreases and the growing
conditions at depth deteriorate. Monitoring of microalgae concentration during their growing
phase is imperative to ensure efficiency in biomass production. Conventionally, cell
concentration (number of cells per unit volume) of microalgae solution is estimated by taking
images of samples under microscope and then counted and estimated using the Metallized
Hemacytometer Hausser Bright-Linewe (MHHBL) method developed by Hausser Scientific.
This method of measuring cell concentration of microalgal solution is time consuming and can
be performed only in the laboratory. The objectives of this study are to develop algorithms that
can quickly estimate the cell concentration of three different species of microalgae, A. cylindrica
cylindrica (A. cylindrica), Nannochloropsis gaditana (N. gaditana), and PW-95
(Neospongiococcum sp.) through measurement of hyperspectral reflectance and the subsequently
derived extinction coefficient. These algae species are candidates for biofuel due to their relative
high level of lipid content. We used an Analytical Spectral Devices (ASD) hyperspectral
radiometer (350 ~ 1050 nm) with the spectral resolution of 1 nanometer to measure the
hyperspectral reflectance of each sample for which the cell concentration was estimated using
the MHHBL method. A multi-layer radiative transfer model was developed to derive the
hyperspectral extinction coefficient (EC). For reflectance-based algorithm development,
regression analyses between multiple reflectance-based indices with band positions optimized
and cell concentration were performed and assessed. For EC-based algorithm development,
regression analyses between multiple EC-based indices with band positions optimized using EC
data and cell concentration were performed and assessed. These indices include Single Band
Model (SBM), Normalized Difference Chlorophyll Index (NDCI), Band Ratio (BR), Three Band
Model (TBM), and Spectral Shape (SS). Regression results show that the reflectance-based Band
Ratio (BR) algorithm and the EC-based Spectral Shape (SS) index in Near Infrared (NIR) band
show the best results for all the three microalgae species with 𝑅 2 > 0.990, MRE < 5%, and
RMSE < 5%, especially for A. cylindrica and N. gaditana, with 𝑅 2 > 0.999, MRE < 2% and
RMSE < 1%. These relationships can be used to quickly estimate microalgae cell concentration
from hyperspectral measurements that can be carried out quickly and easily in either lab or in
field.

Keywords: Biofuel, Microalgae, Cell Concentration, Hyperspectral Reflectance, Extinction
Coefficient, Microalgae Index
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1. Introduction
A report published by the Committee on the Sustainable Development of Algal Biofuels
(NRC, 2012) illustrates that the production of biofuels from microalgae as an alternative fuel to
replace petroleum-based fuels can alleviate the present energy stress. Since biofuel is renewable,
carbon involved in the solar energy capture through photosynthesis and subsequent consumption
is recycled, it does not add extra carbon into the atmosphere and is thus environmentally
friendly, in contrast to the fossil fuels such as gas and coal. To Convert microalgae into biofuel,
four steps are necessary: growth (culturing), harvest, recovery, and processing. During the
periods of growth before harvest, it is important to monitor the cell concentration (number of
cells per unit volume) of microalgae because when cell concentration of microalgae goes too
high, it will lower the penetration depth of light (Pope & Fry, 1997). That means that when the
cell concentration reaches a certain level during the growing stage, photosynthesis will mostly
occur within the top layers and the conditions for solar energy capture by the microalgae through
photosynthesis will deteriorate with increasing depth. Thus, the growing rate at lower layers will
be reduced when the algae cell concentration increases. Before harvest, microalgae need to reach
a certain high level of concentration for economically efficient harvest and energy conversion.
However, cell concentration measurement based on sampling and counting under microscope is
time consuming and labor intensive.
Most algorithms developed thus far using hyperspectral techniques are for the retrieval of
microalgae pigment concentrations in both Case I (open ocean waters) and Case II (turbid lakes,
reservoirs, estuaries, and coastal waters) waters (Moses et al., 2009; Gitelson et al., 2008;
Gitelson et al., 2009). These algorithms can be classified into three groups: (1) empirical models
(Fraser, 1998; Li et al., 2011; Han & Rundquist, 1997; Han, 2005), (2) semi-analytical models
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(Moses et al., 2009; Dall'Olmo et al., 2003; Dall'Olmo & Gitelson, 2005; Gitelson, 1992;
Gitelson et al., 2008; Gitelson et al., 2009), and (3) Spectral Shape (SS) algorithms (Gower et al.,
2005; Binding et al., 2013; Wynne et al., 2008; Wynne et al., 2010; Zhao et al., 2010). The
empirical models only considered the statistical analysis results of measured reflectance of
different pigment concentration of microalgae. They can be subclassified into two kinds of
models: (a) Single Band Model (SBM) (Fraser, 1998; Jiao et al., 2006; Li et al., 2011) and (b)
first-derivative model (FDM) (Han & Rundquist, 1997; Fraser, 1998; Han, 2005). Fraser (1998)
and Li et al. (2011) used single band model to establish a relationship between the reflectance in
one band and the concentration of chlorophyll a (Chl a) in turbid water, but the correlation
coefficients are small between reflectance in all bands with the wavelength from 358 nm to 1107
nm and Chl a concentration because the influence of suspended sediment. Han & Rundquist
(1997), Fraser (1998), and Han (2005) found that the first derivative of reflectance at the
wavelength around 690 nm has good relationships with Chl a concentration. Because the
empirical models did not consider the characteristics of reflectance profiles of microalgae in
different concentrations, the correlation coefficient was not very high and the relationships
established are always site-dependent. Under these circumstances, two other types of models,
semi-analytical models and spectral shape algorithms were proposed. On the one hand, all the
semi-analytical models were based on the microalgae reflectance properties in near-infrared
(NIR) and red bands (Le et al., 2009). Based on the number of bands used for modeling, they can
be subclassified into three groups: (a) two band model, including Normalized Difference
Chlorophyll Index (NDCI) (Mishra & Mishra, 2012) and Band Ratio (BR) (Gitelson, 1992;
Dall'Olmo & Gitelson, 2005; Jiao et al., 2006; Gitelson et al., 2008; Moses et al., 2009; Gitelson
et al., 2009), (b) Three Band Model (TBM) (Dall'Olmo et al., 2003; Dall'Olmo & Gitelson, 2005;
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Gitelson et al., 2008; Moses et al., 2009; Gitelson et al., 2009; Le et al., 2009), and (c) Four Band
Model (FBM) (Le et al., 2009). The formulas of these models can be summarized as:
b2−b1

NDCI = b2+b1

(1)

BR = 𝑏1−1 × 𝑏2

(2)

TBM = (𝑏1−1 − 𝑏2−1 ) × b3

(3)

FBM = (𝑏1−1 − b2−1 ) × (𝑏3−1 − b4−1 )

(4)

where b1, b2, b3, and b4 represent the reflectance (see section 2.4) or extinction coefficient (see
section 2.5) of microalgae in different spectral bands. The absorption troughs in the microalgae
reflectance spectra in the red band (around 675 nm) is always used as b1 band, while the
reflectance peak (around 700 nm) is chosen as b2 band. b3 and b4 are the reflectances in the NIR
bands. Mishra & Mishra (2012) proposed and tested the performance of NDCI by using the
reflectance at 708 nm as b1 and the reflectance at 665 nm as b2 to retrieve the concentration of
Chl a in turbid water. In microalgae suspended water, when taking the radiation-transmission
characteristics into consideration, the BR model is a special case of TBM when the absorption
coefficient of Chl a is far larger than the total backscattering coefficient (Dall'Olmo & Gitelson,
2005; Zimba et al., 2006; Gitelson et al., 2008; Moses et al., 2009). Moses et al. (2009) modeled
and validated both the BR and TBM algorithms by using the bands of Medium Resolution
Imaging Spectrometer (MERIS) to estimate the concentration of Chl a in Case II water, where
the bands with the center wavelength at 665 nm, 708 nm, and 753 nm were used as b1, b2, and
b3, respectively. The FBM method proposed by Le et al. (2009) is an advanced algorithm based
on TBM by adding one more reflectance data at the NIR band to decrease the effect of
absorption by suspended solid at the NIR band. Le et al. (2009) compared their FBM model with
the TBM model, and got good linear relationships between both FBM and TBM and the
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measured Chl a concentration in Case II water in Taihu Lake, China. In their modeling, the
reflectance at 662 nm, 693 nm, 740 nm, and 705 nm were used as b1, b2, b3, and b4,
respectively, for FBM while the reflectance at 660 nm, 692 nm, and 740 nm were used for TBM,
respectively.
Spectral shape algorithms considered not only the microalgae spectral shape (reflectance
or radiance peaks and troughs), but also the position (at which wavelength) where the spectral
profile shows peak or trough values. Gitelson (1992) indicated that high concentrations of
phytoplankton always show a fluorescence reflectance at 681 nm, but when phytoplankton is
present in large concentrations, it will cause a reflectance peak at 700-710 nm. Gower et al.
(1999, 2005) showed that the fluorescence peak at 700-710 nm is caused by high concentrations
of chlorophyll a (Chl a > 100 mg/ml) in the surface of water solutions. When the concentration
of Chl a is around 30 mg/ml, it will produce a reflectance peak of fluorescence at 685 nm and the
peak will shift to 706 nm as its concentration increases to 300 mg/ml (Gower et al., 2005).
Moreover, for pure phytoplankton, the peak reflectance is at the wavelength about 740-750 nm
(Zhao et al., 2010). Based on these spectral properties of microalgae in water, three different SS
models were developed to estimate Chl a concentration of microalgae solution: (a) Fluorescence
Line Height (FLH) algorithms (Gower et al., 1999; Hoge et al., 2003; Zhao et al., 2010); (b)
Maximum Chlorophyll Index (MCI) (Gower et al., 2005; Binding et al., 2013); (c)
Cyanobacteria Index (CI) (Wynne et al., 2010). Mathematically, all these three models have the
same formula as FLH, which was first proposed by Neville & Gower (1977) who put forward the
FLH algorithm to estimate Chl a concentration in water. They can be expressed as:

5
𝑏3−𝑏1

SS = b2 − [b1 + 𝜆3−𝜆1 (λ2 − λ1)]

(5)

where SS is the spectral shape index, which could be any one of the FLH, MCI, or CI indices. b2
represents the radiance or reflectance peak at λ2, while 𝜆1 and 𝜆3 are the wavelengths that form
the baseline and b1, b3 are the corresponding radiance or reflectance at 𝜆1 and 𝜆3. At beginning,
the SS indices were only used for quality analysis. For example, Gower et al. (1999; 2005) and
Wynne et al. (2008) validated the SS algorithms to map the phytoplankton, plankton blooms and
cyanobacterial blooms, respectively, by using the bands of MERIS. Also, a lot of researchers
conducted quantitative analysis of microalgae or Chl a by the SS algorithms. Hoge et al. (2003)
found that the calculated FLH index from Moderate Resolution Imaging Spectroradiometer
(MODIS) onboard Terra and Aqua satellites have very good correlation coefficients (𝑅 2 = 0.85)
with simultaneous airborne laser-induced phytoplankton chlorophyll fluorescence data. Binding
et al. (2013) found that the MCI index calculated from MERIS have a good logarithmic
relationship (𝑅 2 = 0.91) with in situ measured Chl a concentrations in the Lake of the Woods.
Zhao et al. (2010) established eight linear relationships between eight species of microalgae Chl
a concentrations and FLH that were calculated from MODIS, MERIS, and Global Image (GLI)
respectively.
Out of the many algorithms developed to study microalgae, Wynne et al. (2010) proposed
the CI index and established a relationship between CI and the cell numbers of Microcystis
aeruginosa, one kind of microalgae, helping to analyze blooms in western Lake Erie. This is the
only algorithm we can find that tried to establish the relation between microalgae cell
concentration and hyperspectral reflectance. However, their results only showed a positive
correlation relationship with 𝑅 2 = 0.42 between CI and the counted cell numbers, and the
method they used to get the cell numbers have a relative error of 20% (Reynolds & Jaworski,
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1978). Despite that, the positive correlation still makes sense that an increasing microalgae
concentration causes an increasing CI index as indicated by Kutser (2004). The purpose of this
study is to develop algorithms to quickly estimate microalgae cell concentration of three
microalgae species - A. cylindrica cylindrica (A. cylindrica), Nannochloropsis gaditana (N.
gaditana), and PW-95 (Neospongiococcum sp.) - using hyperspectral reflectance and extinction
coefficient.
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2. Methods
2.1. Species cultured and cell counts
Three species of microalgae, A. cylindrica, N. gaditana, and PW-95, all of which have
high level of lipid thus have the potential to be used as the source to extract biofuel, were
cultured and used for this study. A. cylindrica and N. gaditana were obtained from the UTEX
algae culture collection at the University of Texas, while PW-95, which is sequenced to be
Neospongiococcum sp., was isolated from coal-bed methane ponds by researchers in Montana
State University (Hodgskiss et al., 2016). All these three species of microalgae have high content
of Chl a. However, A. cylindrica is a prokaryotic nitrogen fixing microbe in the Cyanobacteria
and the other two are eukaryotic microalgae that do not fix nitrogen and that have different
pigments. For example, phycocyanin and phycoerythrin that are present in A. cylindrica are not
in N. gaditana and PW-95.
After each of these three microalgae was cultured to a high level of concentration,
samples were put under a Leica compound light microscope, and cell counts were then made.
Based on these cell counts, the concentration of each species of microalgae were estimated using
the Metallized Hemacytometer Hausser Bright-Linewe method, a product of Hausser Scientific
(http://hausserscientific.com/products/hausser_bright_line.html). Concentration was described as
cell numbers per milliliter (cells/ml).

2.2. Hyperspectral measurements
After the concentration of each microalga had been counted, we transferred a 1000 ml
solution sample of each microalgae species into our optical laboratory to measure the
hyperspectral reflectance of them at different concentrations. Figure 1 shows the experimental
setup for measuring hyperspectral reflectance of microalgae water solution. The sample of 1000
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ml of microalgae solution was put in a glass container. Samples of different concentrations of
microalgae were obtained by removing certain volume (e.g. 100 ml) of solution from the
container and then adding the same volume of water to keep the total volume of solution constant
during measurements so that all measurements were taken under the same conditions such as the
thickness of the solution. The cell concentrations of each microalga sample are shown in Table 1.
Samples were labeled (Sample ID) from 1 to 17 with decreasing cell concentration. An
Analytical Spectral Devices (ASD) hyperspectral radiometer (350 ~ 1050 nm) was used to
measure the hyperspectral spectra with the spectral resolution of 1 nm over the whole spectral
range. For each sample of each species, five spectral measurements were taken and the average
was calculated as the spectral reflectance for the sample or the concentration of each species.

Figure 1. Experimental setup for measuring hyperspectral reflectance
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Table 1. Cell concentrations of each sample for each microalgal species (NA = not available)

Cell Concentration (cells/ml)
Sample ID
A. cylindrica

N. gaditana

PW-95

1

1.81 × 108

2.41 × 107

4.56 × 106

2

1.63 × 108

2.17 × 107

NA

3

1.47 × 108

1.95 × 107

3.69 × 106

4

1.32 × 108

1.76 × 107

NA

5

1.19 × 108

1.58 × 107

2.99 × 106

6

1.07 × 108

1.42 × 107

2.69 × 106

7

9.62 × 107

1.28 × 107

2.42 × 106

8

8.66 × 107

1.15 × 107

2.18 × 106

9

7.79 × 107

1.04 × 107

1.96 × 106

10

7.01 × 107

9.34 × 106

1.77 × 106

11

5.61 × 107

7.47 × 106

1.41 × 106

12

4.49 × 107

5.98 × 106

1.13 × 106

13

3.59 × 107

4.78 × 106

9.05 × 105

14

2.87 × 107

3.82 × 106

7.24 × 105

15

2.01 × 107

2.68 × 106

5.07 × 105

16

1.41 × 107

1.87 × 106

3.55 × 105

17

9.85 × 106

1.31 × 106

2.48 × 105
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2.3. A multi-layer model for hyperspectral extinction coefficient
derivation
Figure 2 shows a multi-layer model developed to retrieve the spectral extinction
coefficient of the microalgae solution. In the multi-layer model, we assumed that the atmosphere
(air) above the solution level as layer 1, the microalgae solution as layer 2, the bottom of our
container (glass) as layer 3, and the desk holding the glass container as layer 4.
𝐼2,𝜆

𝐼1,𝜆

𝐼3,𝜆

𝜃𝑖 𝜃𝑟

𝐼4,𝜆
Air (Layer 1)

Water level

h

𝜃𝑡

Microalgae solution (layer 2)

Glass (Layer 3)
Desk (Layer 4)
Figure 2. A multi-layer model for extinction coefficient derivation from measured spectral reflectance. 𝑰𝟏,𝝀 is
the incident light intensity, 𝑰𝟐,𝝀 is the reflected light intensity by solution surface (surface of layer 2), 𝑰𝟑,𝝀 is the
intensity of light reflected by the surface of layer 3 after transmitting through layer 2, 𝑰𝟒,𝝀 is the reflected
light intensity by desk surface (surface of layer 4) after transmitted through layer 2 and layer 3. The
subscript λ stands for wavelength. 𝜽𝒊 , 𝜽𝒓 , and 𝜽𝒕 are incident angle, reflection angle, and refraction angle,
respectively. The thickness of microalgae solution is described as h.

According to Snell’s law of reflection and Snell’s law of refraction, we have
sin(𝜃 )

𝑛

𝜃𝑖 = 𝜃𝑟 and sin(𝜃𝑡) = 𝑛1
𝑖

2

(6)

where 𝑛1 and 𝑛2 are the refractive index of layer 1 and layer 2, respectively. Thus, the spectral
reflectance of light reflected by different layers’ surface measured above microalgae solution
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level can be calculated as 𝑅𝑚,𝜆 =

𝐼𝑚,𝜆
𝐼1,𝜆

, where m indicates the surface of layer m (m = 2, 3, 4).

The measured spectral reflectance (𝑅𝑡,𝜆 ) is the sum
𝑅𝑡,𝜆 = 𝑅2,𝜆 + 𝑅3,𝜆 + 𝑅4,𝜆

(7)

Theoretically, we have
𝑅2,𝜆 = 𝑟1,2,

(8)

𝑅3,𝜆 = 𝑡1,2 𝑡2,1 𝑟2,3 𝑇2,𝜆 2 ,

(9)

𝑅4,𝜆 = 𝑡1,2 𝑡2,1 𝑡2,3 𝑟3,4 𝑇2,𝜆 2 𝑇3,𝜆 2,

(10)

𝑅3,𝜆 + 𝑅4,𝜆 = 𝑡1,2 𝑡2,1 𝑇2,𝜆 2 (𝑟2,3 + 𝑡2,3 𝑟3,4 𝑇3,𝜆 2 ) = 𝑡1,2 𝑡2,1 𝑇2,𝜆 2 𝑅𝑡3,4,𝜆 .

(11)

Combining equations (7), (8), and (11), we get
𝑅𝑡,𝜆 = 𝑟1,2 + 𝑡1,2 𝑡2,1 𝑇2,𝜆 2 𝑅𝑡3,4,𝜆

(12)

where 𝑟𝑝,q and 𝑡𝑝,q are the reflection coefficient and transmission coefficient, respectively, of the
interface when light transmits from layer p to layer q, and 𝑟𝑝,q + 𝑡𝑝,q = 1 and 𝑟𝑝,q = 𝑟𝑝,q (or
𝑡𝑝,q = 𝑡𝑝,q ). 𝑅𝑡3,4,𝜆 is the reflectance of layer 3 and the surface of layer 4 (container + desk
surface). 𝑇2,𝜆 is the transmittance of light in the microalgae solution layer (layer 2).
Physically, 𝑟𝑝,𝑞 and 𝑡𝑝,q are related to the intrinsic impedance (𝜂) of each medium:
𝑡𝑝,q = 1 − 𝑟𝑝,q = 𝜂

2𝜂𝑞 𝑐𝑜𝑠𝜃𝑖
𝑝 𝑐𝑜𝑠𝜃𝑖 +𝜂𝑛 𝑐𝑜𝑠𝜃𝑡

(13)

where intrinsic impedance of any medium can be calculated by considering magnetic
permeability (𝜇) and dielectric constant (permittivity, 𝜀). It can be expressed as
𝜇

𝜂 = √𝜀.
Meanwhile from the Lambert-Beer Law, we can express 𝑇2,𝜆 as

(14)

12
𝑘 ℎ

𝜆
𝑇2,𝜆 = exp[− cos(𝜃
].
)

(15)

𝑡

Combining Equations (12) and (15), the spectral extinction coefficient (𝑘𝜆 ) can be calculated as
𝑘𝜆 = −

𝑅𝑡,𝜆 −𝑟1,2
)
𝑡1,2 𝑡2,1 𝑅𝑡3,4,𝜆

cos(𝜃𝑡 )ln(

.

2ℎ

(16)

Extinction coefficient (𝑘𝜆 ) is a function of microalgae cell concentration and can be calculated
from spectral reflectance measurements. It is expected that the higher the cell concentration is,
the higher the extinction coefficient will be. As shown in Section 2.5, we will develop algorithms
that relate extinction coefficient to cell concentration. We call the newly proposed method of
retrieving microalgae cell concentration from the spectral extinction coefficient as Extinction
Coefficient-based (EC-based) algorithm in contrast to algorithms that are based on spectral
reflectance. In this study, the reflectance-based algorithm will be compared to EC-based
algorithms to identify the most effective methods to estimate microalgae cell concentrations
during their growing and harvest stages.
In our measurements, spectra were taken at nadir, the incident angle ( 𝜃𝑖 ) and the
refraction angle (𝜃𝑡 ) are approximately equal to 0. Thus, Equation (16) can be simplified to get
extinction coefficient (𝑘𝜆 ) as
𝑅𝑡,𝜆 −𝑟1,2
)
𝑡1,2 𝑡2,1 𝑅𝑡3,4,𝜆

ln(

𝑘𝜆 = −

2ℎ

.

(17)

Spectral reflectance of water is generally very low (below 0.06) even in visible spectrum (Gómez,
2014). In the near infrared spectrum, the spectral reflectance of water is almost zero. For these
reasons, we assume 𝑟1,2 = 0 and 𝑡1,2 = 𝑡2,1 = 1, then 𝑘𝜆 can be calculated from the measured
𝑅𝑡,𝜆 and 𝑅𝑡3,4,𝜆 .
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2.4. Relationship between hyperspectral reflectance and cell
concentration
As shown in Table 1, 17 samples with different cell concentrations were measured for
hyperspectral reflectance for each species of microalgae. These spectral measurements will be
separated into two data sets for algorithm development and validation, respectively. For each
species of microalgae, 12 samples (Sample 1, 2, 4, 5, 7, 8, 10, 11, 13, 14, 16, and 17) with the
different concentrations will be used for algorithm development, while the other five samples
(Sample 3, 6, 9, 12, and 15) with different cell concentrations will be used for validation. For
PW-95, there were no samples corresponding to Sample 2 and Sample 4 in Table 1, so 10
hyperspectral data sets corresponding to Sample 1, 5, 7, 8, 10, 11, 13, 14, 16, and 17 in Table 1
were used for algorithms development, and still five samples (Sample 3, 6, 9, 12, and 15) were
used for validation.
For each species, correlation analysis between spectral reflectance and cell concentration
is performed for each band and the correlation coefficient (R) is used to optimize the selection of
bands to develop further models between the cell concentration and spectral reflectance. All the
developed reflectance-based algorithms are focused on the peak or trough positions. For a single
band model, the optimized bands are the ones with maximum correlation coefficient between the
reflectance and cell concentration. For algorithms using more than one band, the bands used are
determined by the band-tuning and accuracy-optimization method (Zimba & Gitelson, 2006;
Dall'Olmo & Gitelson, 2006; and Le et al., 2009). During the band-tuning and accuracyoptimization, the setting of the initial band positions played a very important role to get the final
optimal bands for each index (See Eqs. (1), (2), (3), and (5)) by using this method. We use the
same indices defined in Eqs. (1), (2), (3), and (5) as our basic algorithm development, but the
specific bands were selected based on the band optimization. In this study, we did not consider
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the Four Band Model (FBM, Eq. (4)) because it is based on Three Band Model (TBM, Eq. (3))
by adding one more reflectance data to decrease the effect of absorption by suspended solid,
which does not exist in our microalgae solution. Based on previous studies (e.g. Moses et al.,
2009; Gitelson et al., 2009; Le et al., 2009; Binding et al., 2013), the position of b2 and b3 in
reflectance-based models are always located in Chl a fluorescence (NIR peak) and NIR trough
respectively. Thus, the position of b2 and b3 are initially set as 𝜆2 = 720 𝑛𝑚, and 𝜆3 = 750 𝑛𝑚,
respectively, for the reflectance-based models that need to use two or more hyperspectral
reflectance band data. Most algorithms established thus far are used to estimate the concentration
of Chl a but not the cell concentration of microalgae, although they are intimately related (Duan
et al., 2006). The optimal positions of these algorithms will be determined and the difference
from the ones used for Chl a concentration estimation is expected. During the processes to
optimize the positions of bands for these reflectance-based algorithms development, the
spectrum rang is from 520 nm to 750 nm to determine all the wavelength positions (𝜆1 , 𝜆2 and
𝜆3 ). For example, to optimize the three positions of the reflectance-based TBM index (Eq.(3)) for
A. cylindrica, four steps are conducted. Firstly, the initial positions of b2 and b3 are set at 𝜆2 =
720 𝑛𝑚 and 𝜆3 = 750 𝑛𝑚 to predetermine the position of b1 (𝜆1 ) in the wavelength range from
520 nm to 750 nm. The correlation coefficient between the calculated TBM and cell
concentration varies with wavelength, and at the position 𝜆1 = 749 𝑛𝑚 the correlation
coefficient reaches its maximum value 0.9968. Thus, 𝜆1 = 749 𝑛𝑚 is used to determine the
optimal position of b2 (𝜆2 ). Secondly, the optimized position 𝜆2 = 736 𝑛𝑚 was determined by
setting 𝜆1 = 749 𝑛𝑚 and 𝜆3 = 750 𝑛𝑚 using the same method described in the previous step,
and the maximum correlation coefficient is 0.9981. Thirdly, the optimal 𝜆3 = 728 𝑛𝑚 was
obtained by using 𝜆1 = 749 𝑛𝑚 and 𝜆2 = 736 𝑛𝑚 with the maximum correlation coefficient of
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0.9986. Lastly, the optimal position 𝜆1 = 737 was determined by setting 𝜆2 = 736 𝑛𝑚 and
𝜆3 = 728 𝑛𝑚. This whole procedure is repeated and the set of bands 𝜆1 , 𝜆2 , and 𝜆3 that resulted
in the largest correlation coefficient were finally chosen as the bands for the index calculation.
Thus, the optimal bands for reflectance-based TBM index were eventually determined to be 𝜆1 =
737 𝑛𝑚, 𝜆2 = 736 𝑛𝑚, and 𝜆3 = 728 𝑛𝑚. The maximum correlation coefficient is 0.9993.

2.5. Relationship between hyperspectral extinction coefficient and cell
concentration
We used the same procedure used in the reflectance-based algorithm development in the
EC-based algorithms development, replacing hyperspectral reflectance with hyperspectral
extinction coefficient, but the optimization of band positions was redone, resulting in different
selection of bands. Thus, corresponding to all the reflectance-based indices, we have the ECbased Single Band Model (SBM) index, NDCI (Eq.(1)), BR (Eq. (2)), TBM (Eq.(3)), and SS
(Eq.(5)). During the regression analysis of the EC-based indices with cell concentration of
microalgae, extinction coefficients were used as b1, b2 and b3 in these equations instead of
reflectance. The method used to get the optimal positions for all the algorithms is the same as the
reflectance-based indices. However, the initial band positions chosen for the EC-based indices
are different from the reflectance-based indices, they are more model-dependent. For EC-based
NDCI and BR, because we only need to set the initial position 𝜆2 , comparing to the initial
position set for the reflectance-based models, we need shift it from the reflectance peak to the EC
peak (Red Peak) and set it to 𝜆2 = 680 𝑛𝑚 for A. cylindrica, and 𝜆2 = 670 𝑛𝑚 for both N.
gaditana and PW-95. For the EC-based TBM, the initial position set for b2 is the same as the
EC-based NDCI and BR, but for 𝜆3 , it is set to 710 nm in the NIR trough band beside the Red
Peak band. However, for the EC-based SS, it is a little bit difficult. Physically, it is the spectral
height at the position 𝜆2 that is calculated by the value of b2 at 𝜆2 subtracted by the value at the
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same position calculated from the baseline formed by connecting two points in the reflectance or
EC profile at positions 𝜆1 and 𝜆3 . The selection of 𝜆2 is the key point in the process of using SS
algorithm to estimate the concentration of microalgae. In this study, two different EC-based SS
indices are proposed by initially setting 𝜆2 in two different positions. One is similar to the
reflectance-based SS index, we only theoretically shift the peak position 𝜆2 from NIR Peak
(reflectance) to Red Peak (EC) and set the initial positions the same as the EC- based TBM. We
call this index as EC-based SS (Red). The other EC-based SS index is formed by setting the
initial 𝜆2 = 710 𝑛𝑚 at the position of NIR trough, but the difference is that the formula to
calculated SS (Eq. (5)) will be changed to
𝑏3−𝑏1

SS = − {b2 − [b1 + 𝜆3−𝜆1 (λ2 − λ1)]},

(18)

because the EC value b2 at 𝜆2 is smaller than that those of b1 at 𝜆1 and b3 at 𝜆3 . This index is
called as EC-based SS (NIR). In this case, the initial position is set to be 𝜆3 = 750 𝑛𝑚.
For instance, to optimize the three positions of the EC-based TBM index (Eq. (3)) for A.
cylindrica, also four steps are conducted. Firstly, the initial positions for b2 and b3 are set as
𝜆2 = 680 𝑛𝑚 and 𝜆3 = 710 𝑛𝑚 to predetermine the position of b1 (𝜆1 ) in the wavelength from
520 nm to 750 nm. The correlation coefficient between the calculated TBM and cell
concentration varies with wavelength, and at the position 𝜆1 = 602 𝑛𝑚 the correlation
coefficient reaches its maximum value, 0.9892. Thus, 𝜆1 = 602 𝑛𝑚 was selected for to
determine the position of b2 ( 𝜆2 ). Secondly, the optimized position 𝜆2 = 666 𝑛𝑚 was
determined by setting 𝜆1 = 602 𝑛𝑚 and 𝜆3 = 710 𝑛𝑚 using the same procedure described in
the previous step, and the correlation coefficient is 0.9937. Thirdly, the optimal 𝜆3 = 548𝑛𝑚
was obtained by using the optimized 𝜆1 = 602 𝑛𝑚 and 𝜆2 = 666 𝑛𝑚 with the maximum
correlation coefficient of 0.9990. Lastly, the optimal position 𝜆1 = 604 was determined by
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setting 𝜆2 = 666 𝑛𝑚 and 𝜆3 = 548 𝑛𝑚. This whole procedure is repeated and the set of bands
𝜆1 , 𝜆2 , 𝑎𝑛𝑑 𝜆3 that resulted in the largest correlation coefficient were finally chosen as the bands
for the index calculation. Thus, the optimal bands for the EC-based TBM index were eventually
determined as 𝜆1 = 604 𝑛𝑚, 𝜆2 = 666 𝑛𝑚, and 𝜆3 = 548 𝑛𝑚. The correlation coefficient is
0.9993.

2.6. Validation of the concentration-reflectance and concentrationextinction coefficient relationships
The accuracy and performance of the relationships between cell concentration of
microalgae and reflectance–based index or EC-based index used for retrieving the concentration
of microalgae are accessed by mean relative errors (MRE) and root mean squared error (RMSE)
using the following two equations
1

MRE = 𝑁 ∑𝑁
𝑖=1

|𝐶̂𝑖 −𝐶𝑖 |
𝐶𝑖

,

2
̂
∑𝑁
𝑖=1(𝐶𝑖 −𝐶𝑖 )

𝑅𝑀𝑆𝐸 = √

𝑁

(19)

,

(20)

where N is the number of spectra used for validation; 𝐶̂𝑖 is the predicted concentration of
microalgae calculated from models we established, while 𝐶𝑖 is the concentration of microalgae
we measured.
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3. Results
3.1. Hyperspectral reflectance and extinction coefficient
The averaged reflectance from measured hyperspectral data for A. cylindrica, N. gaditana,
and PW-95 are shown in Figure 3a, 3b and 3c respectively. The calculated extinction coefficient
versus wavelength for each microalga in various concentrations are shown in Figures 4a, 4b, and
4c respectively.
From Figure 3 and Figure 4, we can see that the hyperspectral reflectance (Figure 3a - 3c)
and extinction coefficient (Figure 4a - 4c) have many ‘similar characters’ but with ‘opposite
patterns’. On one hand, ‘similar characters’ means that both reflectance profiles and EC profiles
show clear peaks and troughs for each species. One the other hand, ‘opposite patterns’ means
that wherever the reflectance spectrum shows a peak there is a corresponding trough in the EC
profile, vice versa.
Moreover, there also exists some similarities and differences in the view of both
reflectance and EC spectra among these three species of microalgae. In the reflectance spectra,
(1) all these three species have absorption in red spectral region, reflectance peaks in green and
NIR spectral regions, and when the wavelength goes longer, they show a small absorption band
again. But the exact positions showing peaks or troughs are different for different species; (2)
microalgae solution with higher cell concentration shows lower reflectance; (3) Within the green
spectrum, A. cylindrica shows multi peaks, while N. gaditana and PW-95 show only one peak. In
the EC spectra, (1) they show opposite patterns of peaks and troughs at the same wavelength
positions when comparing to the reflectance spectra. All the three species have a peak in red
band, troughs in green and NIR bands, and when the wavelength goes longer, they show a small
peak again; (2) microalgae solution with higher cell concentration shows larger EC; (3) In the
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green and red spectra, the patterns are also similar to that of reflectance that A. cylindrica shows
multi peaks, while N. gaditana and PW-95 show only one peak. The positions of the boundaries
between each peak and trough were shown in Figure 3 and Figure 4 as vertical black dash lines,
and the wavelength interval of each peak and trough was shown in Table 2. Mishra (2012)
suggested that the reflectance of bands longer than 750 nm of phytoplankton solution is not
reliable in constructing algae index because of the absorption of water. Thus, in this study, to
estimate the cell concentration of microalgae, neither the reflectance data nor extinction
coefficients beyond 750nm will be used. Moreover, our measured reflectance (see Figure 3)
indicates that the spectral reflectance at bands lower than 520 nm contained noise and the noise
transferred to the EC calculation (see Figure 4). Thus, the optimal ranges for reflectance-based
and EC-based models will be set to 520 - 750 nm.

Table 2. The peak and trough wavelength intervals in reflectance and extinction coefficient spectra for each
species of microalgae

Green Peak

Red Trough

NIR Peak

NIR Trough

A. cylindrica

520 - 660 nm

660 -700 nm

700 - 730 nm

730 - 750 nm

N.Gaditana

520 - 660 nm

660 -700 nm

700 - 730 nm

730 - 750 nm

PW-95

520 - 660 nm

660 -708 nm

708 - 735 nm

735 - 750 nm

Green Trough

Red Peak

NIR Trough

NIR Peak

Reflectance

Extinction

A. cylindrica

520 - 560 nm

560 - 695 nm

695 - 735 nm

735 - 750 nm

Coefficient

N.Gaditana

520 - 600 nm

600 - 700 nm

700 - 730 nm

730 - 750 nm

PW-95

520 - 580 nm

580 - 705 nm

705 - 735 nm

735 - 750 nm
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Figure 3. Averaged hyperspectral spectra of A.

cylindrica, N. gaditana, and PW-95. Legend number “1,

2, …, 17” means “Sample 1, Sample 2, …, Sample 17” as shown in Table 1. The black dash lines are the
boundaries of peaks and troughs; the position of them are corresponding to the ones shown in Table 2.
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Figure 4. Derived spectral extinction coefficient of

A. cylindrica, N. gaditana, and PW-95. Legend

number “1, 2, …, 17” means “Sample 1, Sample 2, …, Sample 17” as shown in Table 1. The black dash lines
are the boundaries of peaks and troughs; the position of them are corresponding to the ones shown in Table 2.
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3.2. Relationship between cell concentration and spectral reflectance
Because the maximum concentration (Sample 1 in Table 1) of each microalga is different,
to plot the data of the three microalgae species within one figure in the same scale in x-axis (cell
concentration), the normalized concentration is used. For each species of microalgae, the
normalized concentration of one sample is the cell concentration over the maximum
concentration of this microalgae species:
Normalized Concentration of Sample 𝑘 =

𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑆𝑎𝑚𝑝𝑙𝑒 𝑘
𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑖𝑜𝑛 𝑜𝑓 𝑆𝑎𝑚𝑝𝑙𝑒 1

(21)

where k is the Sample ID (1, 2, …, 17). The results of reflectance-based index calculated using
the optimized band positions versus the normalized cell concentration are shown in Figure 5. In
Figure 5, the correlation relation between each index and the normalized cell concentration for
the three species are given. The number ‘1’, ‘2’ and ‘3’ following each index name (e.g. SBM)
or normalized concentration “C” represent microalgae species A. cylindrica, N. gaditana, and
PW-95, respectively. For example, SBM1, SBM2, and SBM3 in Figure 5a represent Single Band
Model (SBM) index for A. cylindrica, N. gaditana, and PW-95, respectively. Also, C1, C2, and
C3 represent normalized cell concentration for A. cylindrica, N. gaditana, and PW-95,
respectively. Within the legend of each panel of Figure 5, the number in the parenthesis after the
name of each microalgae species is the optimized wavelength positions of the bands used for
calculating the index. For instance, in Figure 5a, the optimal band position for the Single Band
Model (SBM) index for A. cylindrica is 706nm. However, for the indices that need to use the
reflectance of two or more bands, the optimal band wavelengths are shown as ‘ 𝜆1 /𝜆2 ’ or
‘𝜆1 /𝜆2 /𝜆3 ’. For instance, the optimized band positions used for calculating the NDCI (Figure 5b)
of A. cylindrica are denoted by (711 nm/723 nm) that means the reflectance data at optimal 𝜆1 =
711 nm and 𝜆2 = 723 nm are used to calculate NDCI using Equation (1).
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Figure 5. Reflectance-based algal index versus normalized cell concentration. (a) SBM, (b) BDCI, (c) BR, (d)
TBM, and (e) SS. The number in the parenthesis after each microalgae species name is the optimized
wavelength positions of the bands used in calculating the index.
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Figure 5 shows that all reflectance-based indices are very well linearly correlated with
cell concentration for the three microalgae species with decision coefficient 𝑅 2 > 0.95 .
Moreover, four of the indices (NDCI, BR, TBM, and SS) have great relationship with cell
concentration with 𝑅 2 > 0.99 for all the three microalgae species. Except for NDCI3 (PW-95),
all the optimal positions (𝜆1 and 𝜆2 ) for NDCI (Figure 5b) and BR (Figure 5c) are in the Chl a
fluorescence (NIR Peak) band, but not in Red trough ( 𝜆1 ) and in NIR Peak ( 𝜆2 ) that are the
positions used to estimate Chl a concentration. Also, the optimal band positions for TBM and SS
are not in Red trough (𝜆1 ) and in NIR Peak (𝜆2 ), and in NIR trough (𝜆3 ).

3.3. Relationship between cell concentration and spectral extinction
coefficient
The optimized EC-models in the wavelength range from 520nm to 750nm are shown in Figure 6,
of which the organization is the same as Figure 5. Figure 6 show the results of the regression
analysis between all the EC-based indices and cell concentration. These results show that all
indices (SBM, NDCI, BR, TBM, and SS) are strongly correlated to the cell concentration with
𝑅 2 > 0.95 for all three microalgae species. Even for the EC-based SBM index, the correlation is
strong with 𝑅 2 being equal to 0.9922, 0.9936, and 0.9856 for A. cylindrica, N. gaditana, and
PW-95, respectively. Among these EC-based models, SS (NIR) appears to be the best with 𝑅 2 >
0.999 for all the three microalgae. By contrast, SS (Red) is less competitive. To better compare
all these algorithms, the decision coefficients (R2 ) for reflectance-based and EC-based models
are recorded in Table 3 and Table 4 respectively. When we check which band(s) were used for
all these EC-based models, we find that (1) for SBM, the optimal wavelength for A. cylindrica
(696nm), N. gaditana (705nm), and PW-95 (716nm) are all in NIR trough; (2) for NDCI and BR,
all the optimal positions are in Red Peak except for 𝜆1 of NDCI3, that is very similar to
reflectance-based NDCI and BR; (3) for TBM, the optimal wavelengths are in two Red Peak
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positions and one trough position (Green or NIR trough); (4) for SS (Red), the optimal
wavelengths are in the same band for three microalgae (𝜆1 and 𝜆2 in Red Peak, while 𝜆3 in NIR
trough); (5) for SS (NIR), the optimal positions for these three microalgae are totally different.
The optimal positions of A. cylindrica are in NIR trough (𝜆1 = 712𝑛𝑚), NIR trough (𝜆2 =
723𝑛𝑚), and NIR Peak (𝜆2 = 749𝑛𝑚) respectively; and the optimal positions of N. gaditana
are in NIR trough (𝜆1 = 709𝑛𝑚), NIR Peak (𝜆2 = 744𝑛𝑚), and NIR Peak (𝜆2 = 750𝑛𝑚)
respectively; while the optimal positions of PW-95 are in NIR Peak (𝜆1 = 744𝑛𝑚), NIR Trough
(𝜆2 = 717𝑛𝑚), and NIR Peak (𝜆2 = 750𝑛𝑚), respectively.

Figure 6. EC-based models and their optimal positions. (a) SBM, (b) NDCI, (c) BR, (d) TBM, (e) SS (Red), (f)
SS (NIR).
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3.4. Validation of the relationships of concentration-reflectance and
concentration-extinction coefficient
The performance of each reflectance or EC - cell concentration relationship was tested
using the validation data sets (Sample 3, 6, 9, 12, and 15, see Table 1). The mean relative errors
(MRE) (Eq. (19)) and root mean squared error (RMSE) (Eq. (20)) between the predicted cell
concentration and the measured concentration for each species of microalgae were calculated.
The validation results for reflectance-based and EC-based models are shown in Table 3 and
Table 4, respectively. For each index in Table 3 and Table 4, there corresponds three rows: the
first, second, and third rows from top down show the modelling and validating performance of
this index for A. cylindrica, N. gaditana and PW-95, respectively. To find the best indices to
estimate the concentration of each species of microalgae respectively, we compared the
performance of all these indices for each microalga one by one.
For A. cylindrica, three reflectance-based indices (NDCI, BR, and TBM), and three ECbased indices (NDCI, TBM, and SS (NIR)) with optimal positions in spectrum range (520 - 750
nm) have significant correlations with cell concentration with 𝑅 2 > 0.99, MRE < 5%, and RMSE
< 5%. Also, the reflectance-based SS index, EC-based SBM, and BR indices were well
correlated with cell concentration with 𝑅 2 > 0.99, MRE < 10% and RMSE < 5%. Especially, the
reflectance-based NDCI and BR indices and EC-based SS (NIR) are correlated with cell
concentration with 𝑅 2 > 0.999, MRE < 2%, and RMSE < 1%.
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Table 3. Modelling decision coefficient and validation results of reflectance-based models for each species of
microalgae

Modelling

SBM

NDCI

BR

TBM

SS

Validation

𝐑𝟐

MRE

RMSE

0.9703

12.23%

5.96%

0.9607

20.43%

6.06%

0.9237

27.37%

7.20%

0.9996

1.09%

0.41%

0.9999

9.00%

5.08%

0.9983

9.14%

5.47%

0.9992

1.51%

0.62%

0.9999

1.41%

0.46%

0.9982

2.78%

1.81%

0.9987

3.23%

1.01%

0.9994

1.67%

0.62%

0.9972

7.08%

2.65%

0.9975

5.37%

1.99%

0.9974

4.55%

1.54%

0.9968

4.32%

1.49%
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Table 4. Modelling decision coefficient and validation results of EC-based models for each species of
microalgae

Modelling

SBM

NDCI

BR

TBM

SS (Red)

SS (NIR)

Validation

𝐑𝟐

MRE

RMSE

0.9922

5.80%

3.04%

0.9936

8.00%

2.42%

0.9856

12.01%

3.42%

0.9960

3.89%

1.82%

0.9872

6.80%

2.84%

0.9909

19.79%

4.78%

0.9922

7.03%

1.98%

0.9964

8.34%

3.03%

0.9799

282.21%

61.63%

0.9985

3.29%

0.94%

0.9987

3.22%

1.34%

0.9981

6.16%

3.37%

0.9638

10.54%

4.45%

0.9779

9.80%

4.86%

0.9556

14.82%

7.26%

0.9995

1.24%

0.53%

0.9999

1.22%

0.53%

0.9991

3.48%

1.29%
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For N. gaditana, some of the indices such as reflectance-based indices (BR, TBM, and SS)
and EC-based indices (BR and SS (NIR)) are significantly correlated with cell concentration
with 𝑅 2 > 0.99, MRE < 5%, and RMSE < 5%. Along with these five indices, one reflectancebased index (NDCI), and four EC-based indices (SBM, NDCI, BR, and SS (Red)) also exhibited
significant correlation with cell concentration with 𝑅 2 > 0.99 or very close to 0.99 (EC-based
NDCI: 𝑅 2 = 0.9872, EC-based SS (Red): 𝑅 2 = 0.9779), MRE < 10%, and RMSE < 5% or ~5%
(reflectance-based NDCI). Among these indices, reflectance-based BR, TBM, and EC-based SS
(NIR) are the best with 𝑅 2 > 0.999, MRE < 2%, and RMSE < 1%.
For PW-95, reflectance-based NDCI and TBM, and EC-based TBM are significantly
correlated with cell concentration with 𝑅 2 > 0.99, MRE < 10%, RMSE < 5% or ~ 5%
(reflectance-based NDCI). The reflectance-based BR and SS indices, and EC-based SS (NIR)
index are very strongly correlated with cell concentration with 𝑅 2 > 0.99, MRE < 5%, and
RMSE < 5%, and the best ones among them are the reflectance-based BR and EC-based SS (NIR)
with 𝑅 2 very close to 0.999, MRE ~ 3%, RMSE < 2%.
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4. Discussion
The reason why A. cylindrica shows different optical properties with N. gaditana and
PW-95 in green spectrum may be that A. cylindrica have different pigment composition than N.
gaditana and PW-95. Pigments such as phycocyanin and phycoerythrin are present in A.
cylindrica but not in N. gaditana and PW-95. Although the optimal positions of reflectancebased Single Band Model (SBM) (706 nm, 712 nm, and 720 nm for A. cylindrica, N. gaditana,
and PW-95 respectively) and EC-based SBM (696 nm, 705 nm, and 716 nm for A. cylindrica, N.
gaditana, and PW-95 respectively) are different, they are all in the Chl a fluorescence band (NIR
Peak in reflectance spectra, and NIR trough in EC spectra). This is consistent with results by
other researchers. For instance, Gitelson (1992) stated that both the position and peak value of
fluorescence are closely related to the concentration of algae (or Chl a); Jiao et al. (2006) found
that the reflectance at 719 nm had the highest accuracy to estimate the Chl a concentration of
Taihu Lake, China.
The decision coefficient (𝑅 2 ) and validation results (MRE and RMSE) of reflectancebased algorithms shown in Figure 3 indicated that all these indices (NDCI, BR, TBM, and SS,
except for SBM) used to estimate Chl a concentration can also be used to estimate the cell
concentration of A. cylindrica, N. gaditana, and PW-95 with 𝑅 2 > 0.99, MRE < 10%, RMSE <
5%. However, the optimal band positions are different. For example, the position 𝜆1 is in Red
trough band for both NDCI and BR to estimate the pigment concentration of Chl a concentration
(Mishra & Mishra, 2012; Gitelson et al., 2008), but in our optimized models, the band is in NIR
Peak or NIR trough band (Figure 5b and 5c).
Because all the reflectance-based algorithms only considered the reflectance spectra
patterns, and they didn’t consider the transmission of light in the medium of microalgae solution,
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they are always site-dependent. To overcome this limitation, a multi-layer model was proposed
to derive the hyperspectral EC of microalgae solution with different cell concentrations from the
measured hyperspectral reflectance data. Because the hyperspectral extinction coefficient profile
and reflectance profile show the ‘similar characteristics’ (two troughs and two peaks) but
‘opposite patterns’ (different troughs and peaks positions), we assume that all the reflectancebased algorithms can be used to develop the EC-based algorithms by replacing reflectance with
EC. The optimized EC-based algorithms and their validation results (Figure 6 and Table 4)
indicate that EC-based SBM, NDCI, BR, TBM, and SS (NIR) indices show very good results for
the estimation of cell concentration of A. cylindrica and N. gaditana with 𝑅 2 > 0.99, MRE <
10%, RMSE < 5%. Among them, EC-based TBM and SS (Red) also have very good
performance for estimating the cell concentration of PW-95.
Although the proposed EC-based algorithms (especially SS (NIR)) show a great potential
to monitor the concentration of A. cylindrica, N. gaditana, and PW-95, there are two limitations:
(1) comparing the reflectance profiles in Figure 3 to the EC profiles in Figure 4, the noise is
amplified during the calculation of extinction coefficient from the measured hyperspectral
reflectance; (2) to calculate the extinction coefficient, the reflectance coefficient of the surface of
microalgae solution (𝑟1,2) was assumed to be zero based on that the spectral reflectance of water
is generally very low (below 0.06) (Gómez, 2014). 𝑟1,2 is a function of microalgae concentration,
however, addition of microalgae should only reducing the spectral reflectance of water, making
the assumption even more appropriate. Thus, the accuracy of our proposed EC-based algorithm
may be mainly affected by the noise level in the measured spectral reflectance data. To improve
the EC-based algorithms, the reflectance data should be noise free or the bands should be chosen
from those without or little noise as we did in this study.
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5. Conclusions
To measure cell concentration of microalgae (A. cylindrica, N. gaditana, and PW-95) as
biofuel quickly and accurately, we developed algorithms to estimate cell concentration through
hyperspectral reflectance and the derived extinction coefficient. A multi-layer radiative transfer
model was developed to derive the hyperspectral extinction coefficient. All algorithms developed
were based on the algae indices developed for the pigment concentration estimation from
spectral reflectance, but the bands used for the indices were optimized and selected specifically
for hyperspectral reflectance and extinction coefficient. These indices include Single Band
Model (SBM), Band Ratio (BR), Normalized Difference Chlorophyll Index (NDCI), Three Band
Model (TBM), and Spectral Shape index (SS). For reflectance-based algorithm development,
regression analyses between multiple reflectance-based indices with band positions optimized
and cell concentration were performed and assessed. For EC-based algorithm development,
regression analyses between multiple EC-based indices with band positions optimized using EC
data and cell concentration were performed and assessed. Results show: (1) For both reflectancebased and EC-based algorithms, the data at the positions in the Chl a fluorescence (NIR Peak in
reflectance profile and NIR trough in EC profile) band played the most important roles to
retrieve the cell concentration of microalgae. (2) Based on the performance of the reflectancebased and EC-based algorithms to estimate the cell concentration of the three species of
microalgae, all the three microalgae have several suitable algorithms to estimate their cell
concentration during the culturing stage: (a) For A. cylindrica, six different indices performed
very well to estimate cell concentrations of A. cylindrica with 𝑅 2 > 0.99, MRE < 5%, and RMSE
< 5%, including reflectance-based NDCI, BR and TBM, and EC-based NDCI, TBM, and SS
(NIR). Among these models, reflectance-based NDCI and BR, and EC-based SS (NIR) indices
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performed excellent with 𝑅 2 > 0.999, MRE < 2%, and RMSE < 1%; (b) For N. gaditana: five
models including three reflectance-based indices (BR, TBM and SS), and two EC-based indices
(BR and SS (NIR)) can be chosen to estimate cell concentration with 𝑅 2 > 0.99, MRE < 5%, and
RMSE < 5%. Among them, reflectance-based NDCI and BR, and EC-based SS (NIR) indices
show the best results with 𝑅 2 > 0.999, MRE < 2%, and RMSE < 1%; (c) For PW-95, the
performance of these reflectance-based and EC-based models did not performed as well as they
did for A. cylindrica and N. gaditana, but reflectance-based BR and SS, and EC-based SS (NIR)
can be used to estimate the concentration of PW-95 with 𝑅 2 > 0.99, MRE < 5%, and RMSE <
5%. (3) Although for each species of microalgae, a lot of models could be chosen to monitor its
cell concentration, only one reflectance-based model (BR) and one EC-based model (SS (NIR))
show great results for all the three microalgae species. (4) SBM and SS models based on EC are
better than the ones based on the measured hyperspectral reflectance; while NDCI, BR, and
TBM based on reflectance are better than that based on EC.
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